Cryosection images contain fairly rich and original details of the brain anatomy. Accurate and fast segmentation of cryosection images is of great significance for research of the human brain and development of the Visible Human Project. However, most automated approaches in the literature are designed for magnetic resonance imaging or computed tomography data, and they may not be suitable for cryosection images. Cryosection image segmentation is often realized manually or semi-automatically in practice. The present study proposes an automated algorithm for cryosection image segmentation of brain tissue and white matter and evaluates its accuracy using the Chinese Visible Human (CVH) dataset. This method combines a mathematical morphological approach to delineate brain tissue and k-means clustering to uniquely identify white matter. Firstly, the region of brain tissue is detected coarsely using connected component labeling combined with morphological reconstruction. Then, morphological operations are used for final boundary determination to complete the segmentation of brain tissue. Finally, k-means clustering is employed to extract white matter based on segmented brain tissue. The algorithm was applied to the CVH dataset to automatically extract the entire brain tissue and white matter in the cerebrum, cerebellum, and brain stem. Additionally, the proposed mathematical morphological approach is compared with the region growing method and the threshold morphological method for brain segmentation, and the k-means clustering method is compared with the fuzzy c-means clustering algorithm and the Gaussian mixture model coupled with the expectation-maximization algorithm for white matter extraction. To evaluate performance, a quantitative analysis was conducted using the dice similarity index, falsepositive dice, and false-negative dice for comparison with manually obtained segmentation results produced by anatomy experts. Results indicate that the proposed algorithm is capable of accurate segmentation and substantial agreement with the gold standard.
Introduction
Three-dimensional (3D) visualization of the human brain through computer rendering has great significance and valuable applications in various fields, such as modern medical image interpretation, anatomical education, and disease diagnosis [1] . The Chinese Visible Human (CVH) dataset [2] , which includes high-resolution cryosection images of cadavers, can be used to generate a 3D digital representation of the human brain. The CVH image data provide rich anatomic detail in true color for critical evaluation of brain structure and function [3] . In general, a robust methodology for image segmentation is crucial for this type of image-based analysis.
Image segmentation methods can be classified into three categories, which vary according to the degree of user intervention: manual methods, semi-automated methods, and fully automated methods. Segmentation of cryosection images in the Visible Human Project (VHP) [4, 5] has often been realized manually or semi-automatically in practice. Studies have proposed segmentation methods for CVH [6] [7] [8] , Visible Korean Human [9, 10] , and American Visible Human datasets [11, 12] . In these studies, manual operation with commercial software such as Adobe Photoshop is often used in the preprocessing or postprocessing of images. Although manual methods produce more reliable segmentation results based on human visual perception, the procedures can be extremely tedious, time-consuming, and observer-dependent. Semiautomated methods provide faster segmentation than that of manual methods, but they are prone to operator bias due to human interaction.
Various automated methods have been proposed and shown good performance. Most automated segmentation techniques, such as the expectation-maximization (EM) algorithm [13, 14] , clustering methods [15, 16] , watershed algorithm [17] , and model-based methods [18, 19] , have been designed and applied successfully for grayscale data, such as magnetic resonance (MR) imaging or computed tomography (CT) images. For instance, Sato et al. [20] presented an unsupervised framework for brain segmentation, in which the input patterns are classified in the feature space using two neural networks and one-dimensional self-organizing maps (SOMs). Although the SOMs preserve the topology of the input space, data training is a computationally complex and costly procedure due to the two neural networks. Attique et al. [21] proposed a clustering method for brain segmentation from T2 brain MR images that works well for images with sufficient contrast among different regions. Park et al. [22] adopted image preprocessing before segmentation. In the preprocessing steps, they truncate the region below the nose and perform adaptive thresholding to get binary images. These binary images are then used in the segmentation steps. Specifically, the largest connected regions are computed from each image and sorted according to pixel number from small to large. Then, the largest region is taken as the initial brain region and its corresponding image is used as the starting plane. Finally, binary erosion and dilation operations are performed on the starting plane to change the initial region to produce the brain segmentation for adjacent slices. The segmentation results suffer from local brain loss in two-dimensional (2D) slices. As a result, the segmentation has to be carried out on sagittal, coronal, and axial planes, with the separate segmentation results from the three planes combined to generate regions belonging to a given structure. To outline the brain locally and globally, Nathalie et al. [23] proposed a multi-agent approach where each agent works locally and adjust its actions with other agents to produce a reasonable segmentation. However, it is not easy to control different agents due to various issues such as radiometric modeling and voxel labeling.
Despite the relatively high spatial resolution of cryosection images, their segmentation is considerably more complex than that of MR or CT images because of low image contrast at some positions, high image noise, and the variations in illumination intensity and camera focus associated with cryosection images [24] .
Strategies for the segmentation of different brain structures from cryosection images have been reported in only a few studies. To extract brain tissue, Schmitt et al. [24] adopted a parallelized technique based on fuzzy c-means theory and noise-tolerant segmentation. Their method generally achieves satisfactory results. However, it does not avoid undersegmentation at the border of the cortical surface and oversegmentation in some subcortical regions. In a study by Wang and Liang [25] , scalp contours in brain cryosection images were extracted by deforming the object shapes with the use of a thin-plate spline kernel. It should be noted that the object shapes were manually segmented, which increased work time and affected the efficiency of algorithm. Other approaches [26, 27] have incorporated morphological operations into methods for brain tissue delineation. The segmentation of the various brain structures is still a major task for brain visualization and remains a challenge in VHP research. Accurate and automated methods are urgently needed for the segmentation of large amounts of VHP data.
The present study focuses on the segmentation of the brain parenchyma and the delineation of white matter from the whole brain, including the cerebrum and cerebellum, for which there are no existing image segmentation methods. For brain tissue segmentation, considering that the skull exhibits good connectivity in cryosection images, an incremental strategy with connected component labeling is used to label and coarsely remove the skull area. The incremental strategy provides a coarse segmentation which can not remove some fine non-brain tissue. In order to overcome this problem, morphological operations are utilized to refine the segmentation, in which structuring elements allow local feature detection in a pixel's neighborhood. The morphological operations are designed to automatically control the refinement processing according to the anatomical constraints in each image. The segmented brain tissue facilitates the extraction of inner structures, which allows a simple method to be used for the identification of white matter. Considering that white matter is different from other structures in color, a k-means clustering algorithm in the RGB color space is used for white matter extraction. Usually, the performance of k-means clustering heavily relies on the initial cluster center. The cluster centers are thus initialized using color histograms and their optimal positions are determined using an iterative procedure.
The proposed algorithm is used to segment a complete series of 482 cryosection images from the CVH dataset. The segmented structures are then reconstructed in three dimensions. The proposed method is compared with the region growing (RG) and threshold morphological (TM) methods for brain tissue segmentation. In addition, the proposed method is compared with the Gaussian mixture model with the EM algorithm (GM + EM) and the fuzzy c-means (FCM) clustering methods for white matter extraction. The performances of the methods are evaluated qualitatively in terms of visual inspection, as well as quantitatively using the dice similarity index (DSI), false-positive dice (FPD), and false-negative dice (FND).
Materials and methods
The data utilized by this study are serial transverse section images from a female in the CVH dataset (age: 22 years; height: 162 cm; body weight: 54 kg) provided by the Third Military Medical University in China. The body was donated by the donor and her relatives to the CVH program, which follows scientific ethics rules established by the Chinese Ethics Department. The cadaver was embedded in a box with gelatin solution colored blue and food dye. Four fine plastic tubes positioned longitudinally within the box, served as fiducial rods. The images were taken of the frozen cadaver and numbered consecutively from head to feet. A total of 482 cross-sectional images of the head with obvious brain tissue (No. 1104 to No. 1585) were selected for this study. Each cross-sectional slice was 0.25 mm thick and photographed at a resolution of 3072 × 2048 pixels with 24-bit color information in TIFF format. The average file size of each cryosection image is about 36 MB. During data acquisition, the movement between slices is slight and only contains translation and rotation. For registration, the previous slice and the current slice are taken as the reference and target images, respectively. The fiducial rods are detected in each slice and their centroid coordinates are used to compute the translation and rotation parameters between image pairs. Each reference image can thus be translated and rotated to match the target image. The background of the surrounding solution was removed by the simple operation using red, green and blue values of each pixel: R + G-B. After this procedure, the resolution of the image remains unchanged. To reduce computation time and memory usage, the images were transformed into PNG format and cropped to 426 × 439 pixels with only the foreground consisting of brain tissue and surrounding structures, such as skull and skin, and some background left. An example image is shown in Fig. 1 . The proposed framework for segmenting both the brain tissue and white matter is divided into two stages: (1) segmentation of brain tissue based on mathematical morphology and (2) segmentation of white matter based on k-means clustering. In the first stage, the region of brain tissue is detected coarsely using connected component labeling combined with morphological reconstruction. This is followed by morphological operations for final boundary determination to complete the segmentation. With segmented brain tissue, k-means clustering is employed to extract white matter in the second stage. A block diagram of the framework is shown in Fig. 2 and described in detail below.
Segmentation of brain tissue
It is necessary to differentiate brain tissue from non-brain tissue because brain tissue stripping is often one of the earliest stages in computational analysis of the brain and is of great significance in image postprocessing procedures (e.g., extraction of inner brain structures). For segmentation of brain tissue, the non-brain structures, such as skull, skin, and eyes, have to be assigned to the background in cryosection images and should be removed as much as possible. In the first stage of the algorithm (Fig. 2 ), brain tissue is segmented using a method based primarily on mathematical morphology theory. The segmentation is accomplished in two main steps: coarse region detection and final edge determination.
Coarse region detection
The coarse region of interest (ROI) is detected using connected component labeling [28, 29] and morphological reconstruction [30] . The main steps are:
Step 1: Use a median filter to process a color cryosection image ( I ) shown in Fig. 3(a) , and then convert the filtered result into a grayscale image and then into a binary image ( bw I ) using Otsu's method. Apply the logical NOT operation on binary image bw I to obtain a new binary image, called the marker image ( mark I ), as shown in Fig. 3 Step 2: Use connected component labeling to label binary image bw I such that values for white pixels are set as 1 in the first connected region, as 2 in the second connected region, as 3 in the third connected region, and so on. The black pixels keep their values of 0.
Step 3: Find the pixels with a labeled value of 1 as the non-brain tissue. Set the values of the other pixels as 0. The resulting image, shown in Fig. 3(c) , is called the mask image mask I .
Step 4: Using the mask image mask I and marker image mark I , reconstruct a new image using a morphological reconstruction method that starts from the marker image and performs an iterative dilation conditioned to the mask image. This can be easily conducted using the function "imreconstruct" in Matlab (The MathWorks, Natick, USA).
Step 5: Use connected component labeling to label the reconstructed image generated in Step 4. For the labeled result with min and max values represented by min V and max V , respectively, the value of each pixel represented by V is changed as
In this way, the labeled result is converted into a gray-scale format, as shown in Fig. 3(d) .
The above process is used to coarsely delineate the area of brain tissue. However, redundant tissues, such as those surrounding the cranium and skin, still exist. Therefore, further processing, i.e., a morphological operation, is adopted to accurately extract brain tissue from these redundant tissues.
Final edge determination
Morphological operations [31] transform the original image into another image through interaction with a structuring element of a certain shape and size. The effect of the given morphological operation depends on the shape and size of the corresponding structuring element. Generally, small structuring elements are poor at reducing noise but are good at detecting edge details. In contrast, large structuring elements perform well at noise attenuation but are poor at edge detection. Therefore, in structuring element selection, there is a tradeoff between noise reduction and edge detection.
In our experiments, multi-scale structuring elements were used to balance these two abilities of the algorithm. The structuring element has a square shape and its width ranges from 3 to 7 pixels (only odd sizes). A structuring element with an odd size and square shape can provide a window for operation in which the center pixel is taken as the origin and defines the pixel that is being processed. The other pixels define a neighbourhood centered on the origin. Each structuring element only includes 0's and 1's as the values in the square window. Generally, a 3 × 3 structuring element has all 1's, whereas 7 × 7 and 5 × 5 structuring elements are designed according to the morphological characteristics of brain tissue in different slices. Specifically, the slices are divided into top, middle, and bottom groups that respectively contain: (1) cerebrum (without cerebellum), (2) cerebrum with cerebellum, and (3) cerebellum without cerebrum. This leads to three types of 7 × 7 and 5 × 5 structuring elements, as shown in Fig. 4 .
Morphological operations are conducted to refine the coarse segmentation of brain tissue. The procedure consists of an erosion step followed by a dilation step. In the first step, a structuring element of 7 × 7 pixels is used to erode the output of the coarse region detection four times. Next, a structuring element of 5 × 5 pixels is used four times for erosion. Finally, a sequence of erosions with a structuring element of 3 × 3 pixels is performed until only one connected component is left, which indicates that the background of redundant tissues has been completely removed. The number of connected components is calculated using connected component labeling. During this erosion step, some shrinking of the target areas occurs. To cope with this problem, the following dilation operation is adopted in the second step: a square of 5 × 5 pixels is used to dilate the image nine times. A sequence of dilations with a structuring element of 3 × 3 pixels is then performed until the original edge of the brain tissue is restored. This is indicated by the superior sagittal sinus for top images containing the cerebrum and the occipital sinus for bottom images containing the cerebellum. An example slice is shown in Fig. 3(a) with the superior sagittal sinus circled in red. The special position (indicated by blue arrow in Fig. 3(a) ) corresponds to the minima in the anterior-posterior direction within the lower part of the image. Once this is included in the dilation result, the iterative operation should stop. The superior sagittal sinus can be obtained by calculating the anterior-posterior minima from the largest connected component in the resulting image of the coarse region detection. With use of the above morphological operations, the region of brain tissue is refined as shown in Fig. 5(a) . All the pixels in the brain tissue region have gray values larger than 0. In order to generate the segmented brain tissue with original color information, the pixels are scanned one by one in the original color image, and only pixels corresponding to gray values larger than 0 in Fig. 5 (a) retain their color value. Otherwise, the color components are set as 0. The color segmentation result is shown in Fig. 5(b) .
Segmentation of white matter
After detection and segmentation of brain tissue, white matter present in the brain tissue is segmented utilizing the k-means clustering method [32] , which measures the similarity between all pixels and cluster centers according to a given criterion. In k-means cluster processing, initial cluster centers should represent spatial features of the regions of interest as much as possible. If initial cluster centers are chosen randomly, it will be difficult to guarantee unique clustering.
It is assumed that pixels belonging to an object have the same or similar color information. Color information can be quantified by red (R), green (G), and blue (B) values that range from 0 to 255 in the RGB color space and are used as the spatial features for pixels. It should be noted that the color histogram [33] is an approximation of the probabilistic distribution of color. Figure 6(a) shows an example of color histograms for the segmented brain tissue image. The surrounding black area has values distributed at the peak of 0, whereas the gray matter, cerebrospinal fluid, and white matter are visible around the other peaks. This makes it possible to decide the values of R, G, and B for the initial centers corresponding to the white matter and its background (gray matter + cerebrospinal fluid). Specifically, the centers are initialized by the maxima of each color component from color histograms. For instance, the color histogram of the R component is illustrated by a red line. Its maxima is calculated and marked by blue circles in Fig. 6(b) . Many maxima are found, which makes it difficult to locate the initial centers. In order to reduce the number of maxima, a dataset consisting of all the maxima and the number of pixels whose color value is 255 is created. As shown in Fig. 6(c) , the data is fitted using a linear curve and its corresponding maxima are calculated. In this way, two positive maxima are located and used for the initialization of the R component for the cluster centers that correspond to the background and white matter, respectively. Using the same method, the G and B components can be initialized for the cluster centers. From the color histograms in Fig. 6(a) , each valley between the two main peaks is rather low, indicating that there are only a few pixels near the threshold value. Additionally, there is an apparent difference in color between white matter (white) and its background (gray matter + cerebrospinal fluid) (brown). This is also illustrated by the two initialized centers, with the large distance between them indicating high contrast.
Consequently, it is possible to extract white matter using simple k-means clustering. In our case, the color difference between pixels is taken into account and the Euclidian distance in the RGB color space is used as a similarity criterion to combine similar pixels. The procedure for extracting white matter using k-means clustering in the RGB color space is as follows:
Step 1: Divide the segmented brain tissue into two clusters, namely white matter and the background, whose cluster centers are represented by c 1 and c 2 , respectively. Initialize the coordinates of cluster centers c 1 and c 2 according to the peaks in color histograms. Set Step 2: Calculate the Euclidean distance in the RGB color space between each cluster center and each pixel, Step 4: Repeat Steps 2 and 3 until there is no change in cluster centers.
Through the above process, white matter is extracted as shown in Fig. 7 . 
Quantitative evaluation measures
One of the key challenges for the evaluation of automated image segmentation methods is the lack of a gold standard with which to compare segmentation methods [34] . Although image processing and computer vision techniques have been developed and applied for medical image processing for decades, it is well known that their capabilities are far inferior to those of human vision systems. Therefore, a manually segmented image is often used as the gold standard for comparative evaluation of segmentation [17, 35] . It should be pointed out that the gold standard used in this article is a manual segmentation extracted by experienced anatomy experts and supplied by the Third Military Medical University in China.
For comparison with the gold standard, DSI, FPD, and FND [34] are adopted to quantitatively evaluate the performance of our segmentation. DSI is commonly used to measure the extent of spatial overlap between two images. Its value ranges from 0 to 1. Usually, segmentation results with DSI values greater than 0.7 are considered to be in excellent agreement with the gold standard [36] . FPD is used to measure over-segmentation, whereas FND is used to measure undersegmentation. For both metrics, smaller values correspond to better segmentation. In general, DSI, FPD, and FND are respectively defined as:
where S denotes the gold standard and T denotes the segmentation result obtained using a given algorithm. Their complements are represented by S and T . S and T denote the number of pixels in the gold standard and the obtained segmentation result, respectively, and T S  denotes the number of pixels in the overlay of the gold standard and the segmentation result.
Results
The proposed algorithm was implemented and tested on 482 cryosection images (No. 1104 to No.1585) from a female in the CVH dataset. The results from the experiments demonstrate that the algorithm can handle a variety of cryosection images. Figure 8 shows a comparison of segmented brain tissue produced by the TM method, the RG method, and the proposed mathematical morphological (MM) method, and the gold standard. As shown, the TM method obtains reasonable results for images containing the cerebrum, but it introduces the surrounding non-brain tissue into the ROI at the cerebellum. The RG method is prone to over-segmentation for brain tissue both at the cerebrum and the cerebellum. The proposed MM method obtains encouraging results, with the brain tissue clearly identified with a "clean" ROI and distinct contours. In addition, almost all of the target information in the original images is present in the automated segmentation results. Figure 9 shows a comparison of segmented white matter obtained by the Gaussian mixture model with the EM algorithm (GM + EM), the standard fuzzy c-means (FCM) clustering algorithm, and the proposed k-means clustering method, and the gold standard. The GM + EM, FCM, and k-means methods produce similar extraction results based on a visual analysis. Figure 9 . Comparison of segmented white matter produced by various methods for slice images in Fig. 8 (a) . Segmented white matter computed by (a) GM + EM method, (b) standard FCM algorithm, (c) and proposed k-means clustering method. (d) Gold standard. 
Qualitative analysis

Quantitative analysis
DSI, FPD, and FND provide insight into overlap, oversegmentation, and under-segmentation, respectively. For a quantitative analysis of the segmentation results produced by various methods, the DSI, FPD, and FND values are given in Table 1 . It is notable that the TM method has a high mean DSI of 90.01% (with an FND of 11.84% and an FPD of 10.71%) for images with the cerebrum, which is reduced to 81.47% (with an FND of 13.50 % and an FPD of 16.85%) for images with the cerebellum. This is due to the fact that the TM method uses dilation without any previous operation to remove the thin nonbrain tissues connected to the boundary of the ROI. Still, with an overall mean DSI of 88.10%, the TM method is more accurate than the RG method, which tends to over-segment. Compared to the TM and RG methods, the proposed MM method has the most accurate segmentation for all images with an overall mean DSI of 92.63%, an FND of 9.40%, and an FPD of 5.34%. For white matter segmentation, all three methods obtain a mean DSI of over 90%. However, the GM + EM method performs poorer than the FCM and k-means methods. The extracted white matter computed by the k-means method closely approximates the segmentation results produced by the FCM method, with overall DSI values of 93.26% and 93.40%, respectively. The low overall FND and FPD values reveals that the segmentation produced by both methods is not prone to over-segmentation or under-segmentation. The segmentation accuracy curves for the proposed method are shown in Fig. 10 . The DSI, FND, and FPD values fluctuate slightly, indicating that the proposed method is generally stable for different slices.
Three-dimensional reconstruction
The segmented brain tissue and white matter were also reconstructed with Amira 3D medical visualization software to produce 3D images. The reconstructed results are displayed and rotated in various views in Fig. 11 , and their projection views are shown in Fig. 12 to enhance the comparison between the two structures. Each structure's boundary in three dimensions is clear and the connection from the base to the apex is smooth. Particularly, the reconstructed cerebral tissue is divided into left and right cerebral hemispheres by the medial longitudinal fissure. The cerebral white matter is displayed in a similar manner, which is consistent with theoretical knowledge. To verify the correctness of segmentation directly, each 3D reconstructed structure from cross-sectional images was sectioned to produce coronal and sagittal images. Figure 13 shows an example of such sectioned images. It can be seen that the coronal and sagittal section images exhibit smooth contours and natural connections with the stereoscopic shape, morphology, and locations that are consistent with anatomical knowledge. Therefore, the 3D reconstruction results and 2D sectioned images confirm the effective segmentation. 
Discussion
With the use of the proposed method, 482 cryosection images from a female in the CVH dataset were serially segmented, and the segmented results were reconstructed in three dimensions. Compared with results produced by the RG, TM, GM + EM, and FCM methods, the proposed method obtains the most accurate segmentation results. Although the FCM method obtains segmented white matter results similar to those obtained using the k-means algorithm, the latter method is preferred because it is much simpler and easy to implement.
Our segmentation results are consistent with human visual perception. In practice, under-segmentation or oversegmentation cannot be avoided in manual segmentation. Even for experienced operators, it is rather difficult to sketch out all boundary contours smoothly and accurately for complex structures such as cerebellar white matter and objects with indistinct boundaries. For instance, a point taken as being white matter by one operator may be thought to belong to gray matter by another operator. However, for the proposed automated method, once the algorithm procedures are determined, the computer produce consistent results. From this point of view, the automated segmentation in our study is not influenced by human intervention and can result in higher accuracy than that of manual segmentation.
This study focused on solving the problem of segmenting human brain tissue and white matter from cryosection images from the large CVH dataset. The proposed method makes the segmentation process less user-dependent and less timeconsuming (less than 11 minutes are required to segment brain tissue and white matter from 482 slices). Consequently, it is suitable for the rapid and accurate segmentation of massive number of sequential cryosection images. Additionally, this method is easily implemented and can be used with some adjustments for other applications requiring segmentation of brain tissue and white matter, as well as other structures, such as gray matter and cerebrospinal fluid.
This study also emphasized important technical issues for cryosection image segmentation schemes. There are some significant differences in the performance of the proposed method and existing methods [24, 27] . One difference is the variation in the preprocessing stages prior to actual segmentation, which are often complicated in existing methods but fairly simple in the proposed method. Furthermore, unlike many previous studies that limited segmentation to the cerebrum, this study segmented the entire brain tissue and white matter in the cerebrum, cerebellum, and brain stem. Such complete segmentation should help promote the development of the VHP and enhance studies of anatomy and functions of the brain.
Although the proposed method achieved the aim of identifying complex white matter in whole brain tissue, it had limitations in cases involving the detection of brain tissue at the bottom of the temporal lobe in several images, where the temporal lobe area becomes rather blurred, small, and isolated. In such cases, manual correction is required. However, the time required to perform such manual corrections is small compared to that for fully manual segmentation. Additionally, manual operations are also used to divide the slices into three groups and accordingly assign values for structuring elements, which takes place prior to segmentation. However, even with such user intervention before and after the algorithm implementation, the proposed method is still highly automated and exhibits advantages in both efficiency and accuracy.
Some improvements to our method are still needed. First, segmentation of brain tissue in this study involved stripping the brain parenchyma from the surrounding non-brain tissue but this task did not include recognition of sulci and fissures. Therefore, in the future, the proposed algorithm could distinguish sulci and fissures with some feature detection methods and the proposed segmentation. In addition, since the white matter in some cryosection images in which both the cerebellum and the cerebrum exist was segmented as a whole (white matter at cerebellum together with white matter at cerebrum) rather than separately, future work will focus on developing more sensitive segmentation methods to provide more segmented anatomic structures for precise brain visualization. These improvements are currently underway.
Conclusion
This study presented an automated algorithm based on mathematical morphology and k-means clustering for the complex task of brain segmentation from cryosection images. The algorithm performs brain tissue segmentation and extracts the corresponding white matter. Its accuracy and effectiveness were verified by comparing results to the RG and TM methods for brain tissue segmentation and to the GM + EM and FCM methods for white matter extraction. In conclusion, the proposed method for segmentation of brain tissue and white matter should provide an excellent basis for advancing CVH research and thus the VHP.
